Purpose Knowledge of the temporal stability of soil water storage (SWS) at landscape scale is scarce. The recognition of landscape-scale temporal evolution of soil water profiles is critical for soil water management and vegetational restoration in semiarid watersheds. Materials and methods Soil moisture was measured with neutron probes to a depth of 3.0 m on 18 sampling dates at 135 locations along a landscape transect from August 2012 to October 2013. Temporal stability of SWS at a landscape scale and a point scale was examined using Spearman's rank correlation analysis and indices of standard deviation of relative difference and mean absolute bias error, respectively. Results and discussion The mean spatial SWS in the shallow soil layer (0-1.0 m) was relatively more variable temporally than in the deeper soil layers (1.0-3.0 m), and the mean SWS in the deep soil layer (2.0-3.0 m) was more variable spatially. The mean Spearman's rank correlation coefficient increased with increasing soil depth and decreased with increasing time lags between measurements for the deeper soil layers (1.0-3.0 m). The number of temporally stable locations and the accuracy of prediction for predicting the mean SWS increased with increasing soil depth. The temporal stability of the SWS patterns was controlled by soil texture, organic carbon content, bulk density, and saturated soil hydraulic conductivity. Aboveground biomass and site elevation (except for the 2.0-3.0-m layer), however, affected the temporal persistence of SWS relatively weakly. Conclusions This study provides useful information for estimating mean SWS at the landscape scale and may improve the management of soil water on the semiarid Loess Plateau of China.
Introduction
Soil water storage (SWS) plays an important role in many hydrological and ecological processes, such as surface runoff, infiltration, water and energy fluxes, and plant transpiration (Martínez-Fernández and Ceballos 2003; Brocca et al. 2009; Heathman et al. 2012) . Soil water storage is also a crucial factor in semiarid ecosystems for vegetational restoration and water management (Hu et al. 2010b; Jia et al. 2013a ). Knowledge of the behavior of SWS and its spatiotemporal distribution thus provides fundamental information for hydrological modeling and prediction, restoration of vegetation, and sustainability of land use.
Soil water content is highly variable over time and space due to the heterogeneity of controlling factors and their combinations, leading to challenges for estimating water status. Repeated surveys of soil water content at fixed locations in a field, however, can identify locations where soil moisture is consistently higher than, equal to, or lower than the average field soil water content (Pachepsky et al. 2005; Zhou et al. 2007; Guber et al. 2008) . Vachaud et al. (1985) first termed this phenomenon as temporal stability, which described a persistent spatial pattern of soil water content between measurement occasions. The temporal stability technique can provide missing data of soil water content (Dumedah and Coulibaly 2011) and can reduce time, labor costs, and disturbance of the soil structure. The most important application of temporal stability is to estimate mean soil water content of an entire study area of interest using representative locations. The utility of this application has been demonstrated by many researchers (Gómez-Plaza et al. 2000; Grayson et al. 2002; Starks et al. 2006; Brocca et al. 2012; Jia et al. 2013a; .
Most studies on the temporal stability of soil water content in various areas have focused on the surface soil layer (Famiglietti et al. 1998; Cosh et al. 2008; Schneider et al. 2008; Zhao et al. 2010; Wang et al. 2013; Zhang and Shao 2013) or within 1.0-m profile (Hupet and Vanclooster 2002; Starks et al. 2006; Guber et al. 2008; Hu et al. 2010b; Gao et al. 2011) , and only few have addressed deeper soil profiles. Hydrological processes may differ among surface and subsurface soil layers, so understanding the dependence of the temporal stability of soil water content in depth is necessary. Most studies have also focused mainly on the dynamics of soil moisture during the growing season (Hu et al. 2010a (Hu et al. , 2010b Shao 2012a, 2012b; Jia et al. 2013a Jia et al. , 2013b , and the effect of snowfall in winter on SWS has been neglected. Maule et al. 1994 , however, studied the contribution of winter precipitation to the recharge of soil water and/or groundwater in a prairie agricultural site using stable isotope method and showed that 27 % of soil water and 44 % of groundwater came from snow water, suggesting that the contribution of winter rainfall to soil water cannot be ignored. Biswas and Si (2011a) observed a stronger similarity in the large-scale (>72 m) spatial patterns of soil water between the surface and deeper layers during the recharge period than during the discharge period. Data for soil moisture outside the growing season should thus be considered in the analysis of SWS temporal stability. Furthermore, the concept of temporal stability has been applied at plot (Pachepsky et al. 2005; Jia and Shao 2013) , slope (Jia et al. 2013a) , watershed (Hu et al. 2010b) , and regional scales (Martínez-Fernández and Ceballos 2003) . The temporal stability of SWS at landscape scales and with various types of vegetation, landforms, and soils, however, has not received much attention. Information on the temporal stability of SWS at the landscape scale may be helpful for scale transformation, especially for the upscaling process.
Many factors can affect the temporal stability of the spatial patterns of SWS, such as soil properties, topography, and vegetation. Elucidating the influence of these factors is useful both for identifying representative locations and for projecting temporally stable locations that have not yet been sampled (Vanderlinden et al. 2012) . Soil texture has been the dominant factor affecting temporal stability in watersheds (Hu et al. 2010b; Vachaud et al. 1985; Zhao et al. 2010 ). Mohanty and Skaggs (2001) indicated that sandy loam soils were more temporally stable than silty loam soils because the silt loam soil was more variable in terms of space-time dynamics of soil moisture processes as compared to the sandy loam soil. Jacobs et al. 2004, though, reported that the more temporally stable locations were associated with moderate to moderately high (28-30 %) clay contents. Representative locations for the mean soil water content should also be locations that capture the average topographic characteristics (Grayson and Western 1998; Vivoni et al. 2008) , and vegetational cover can affect the temporal stability of soil moisture (Schneider et al. 2008; Jia and Shao 2013) . The effects of these factors on temporal stability are scale dependent (Kachanoski and de Jong 1988; Biswas and Si 2011b) . The objective of this study was to investigate the temporal stability of SWS profiles at a landscape scale on the semiarid Loess Plateau of China. Specific concerns were (1) the spatial pattern of SWS with increasing soil depth, (2) the effects of the factors controlling the temporal stability of SWS at a landscape scale, and (3) the identification of representative locations for estimating the mean SWS of this area of interest.
Materials and methods

Study area and experimental design
This study was conducted along a typical transect of a catchment (Liudaogou catchment) on the Loess Plateau (110°21′ to 110°23′ E, 38°46′ to 38°51′ N), Shenmu County, Shaanxi Province, China (Fig. 1) . This area belongs to the water-wind erosion crisscross region with crucial environmental conditions. The Liudaogou catchment is characterized by undulating loessial slopes and deep gullies. The mean annual temperature is 8.4°C, and the mean annual precipitation is 437 mm, approximately 70 % of which falls from June to September (Fig. 2) . The elevation of the Liudaogou catchment ranges from 1056 to 1130 m. The primary soils are aeolian sandy soils and UstSandic Entisol soils. The dominant vegetation includes purple alfalfa (Medicago sativa L.), Korshinsk Peashrub (Caragana korshinskii K.), and bunge needlegrass (Stipa bungeana T.).
A landscape-scale transect 1340 m in length with 135 measuring locations was established in an east-west direction across several sub-catchments (Fig. 1c) . The locations were 10 m apart, with a few exceptions due to gullies. An aluminum neutron probe access tube 3.3 m in length was installed at each location for the measurement of soil water content. approximated those of all tubes (Hu et al. 2010b) . Gravimetric soil water content at these 12 locations was determined at ten depths about 0.5 m from each tube. A pit 1.0 m deep was excavated at each location to obtain undisturbed soil samples for the determination of bulk density and for the transformation of gravimetric soil water contents into corresponding volumetric soil water contents. Volumetric soil water content at each soil depth could then be calculated using the following calibration equation:
where CR is the slow neutron counting rate. The SWSs of the 0-1.0-, 1.0-2.0-, and 2.0-3.0-m soil layers were calculated by the following equations:
where i is the location, j is the sampling occasion, and the numbers in the subscript refer to different soil depths (mm).
Measurement of other main characteristics
An RTK-GPS receiver with a resolution of 5 m was used to determine the sampling locations and associated elevations. A cutting ring (5-cm length; 20-cm 2 cross section) was used to obtain undisturbed soil samples at each location 0.2 m from the aluminum tube for measurements of soil bulk density and of saturated soil hydraulic conductivity (Ks) using the constant-head method (Klute and Dirksen 1986) . Disturbed soil samples collected during installation of the aluminum tubes were divided into two sub-samples and were air-dried. The two sub-samples were then passed through a 1-mm sieve and a 0.25-mm sieve for laboratory analysis. Soil particle sizes were evaluated using a Mastersizer2000 (Malvern instruments, Malvern, UK). Soil organic carbon (OC) content was determined by the dichromate oxidation method (Nelson and Sommers 1982) . The maximum amount of biomass was collected from an area of 1×1 m at each location in September 2013 and was oven-dried at 75°C for 72 h to obtain the dry weight. The properties of the soil (0-20 cm), topography, and vegetation for the transect are summarized in Table 1 .
Assessment of the temporal stability of SWS
The nonparametric Spearman's correlation test was used to evaluate the overall spatial pattern of temporal stability (Vachaud et al. 1985) . The Spearman's rank correlation coefficient, r s , is defined by:
where R ij is the rank of the variable at location i for measurement occasion j, R ij' is the rank of the same variable at the same location but for measurement occasion j', and N is the number of observations. An r s equal to unity between sampling dates indicates complete temporal persistence of the spatial pattern. The relative difference of SWS for each sampling location i at depth k for measurement time j is calculated as
where SWS jk is the mean SWS at depth k for all 135 sampling locations at time j:
where M is the number of sampling locations of the transect. The temporal mean relative difference (MRD), δ ik , and the standard deviation of relative difference (SDRD) over time, σ(δ ik ), are expressed as
where N is the total number of sampling occasions. Locations with MRDs close to zero can accurately estimate mean SWS, but locations with MRDs higher or lower than zero will overestimate or underestimate SWS, respectively. The SDRD can identify temporally stable locations; a lower value of SDRD corresponds to a more temporally stable location. The index of temporal stability (ITS) was introduced using a combination of MRD and the associated SDRD as (Jacobs et al. 2004; Zhao et al. 2010 )
The ITS provides a single metric for identifying the sampling locations that are closest to the mean SWS and that are also temporally stable. The most temporally stable location notably has the lowest ITS. The ITS can also be used to identify representative location for directly estimating the mean SWS (Hu et al. 2012) . In this study, locations with an ITS under 10 % are selected to be representative points (Jia et al. 2013a ). Another index is the mean absolute bias error (MABE), introduced by Hu et al. (2010a) , which characterizes temporal stability. Following Eq. (6), the mean SWS at depth k at measurement occasion j can be calculated as
Assuming a constant offset, δ ik , for a temporally stable location (Grayson and Western 1998) , the estimated, SWS jk , SWS jk can be expressed as
The bias error of the mean SWS, φ ijk , can thus be written as
Substituting Eqs. (11) and (12) into Eq. (13), then
The mean absolute bias error, MABE ik , can thus be defined as
where N is the total number of sampling occasions. MABE, hence, directly describes the time-averaged bias error for the ith location to produce the mean SWS at depth k when persistently assuming an offset of δ ik . A lower MABE indicates less bias error and more temporally stable locations.
The root-mean-square error (RMSE) of the predicted mean SWS after applying the offset is calculated as
where P i and p i are the predicted and measured values, respectively.
Statistical analysis
Pearson correlation analysis was used to analyze the relationships between the temporal stability of the SWS profiles and the properties of the soil, topography, and vegetation. Linear fitting analysis was carried out between the observed and estimated mean SWSs, with the root-mean-square error (RMSE) as a measure of the goodness of fit. Independent samples t tests were performed to test for differences in SWS among the soil depths. The statistical analyses of the SWS data used SPSS 16.0 software. Figure 3a presents the temporal evolution of the mean spatial SWS for the different soil layers. The time-averaged mean spatial SWSs for the entire transect were 149.8, 138.6, and 143.5 mm for the 0-1.0-, 1.0-2.0-, and 2.0-3.0-m soil layers, with ranges of 87.5, 43.5, and 22.6 mm, respectively. The SWSs for the various soil layers were not significant at P < 0.05 (Table 2 ). The mean spatial SWSs from 16 December 2012 to 18 March 2013 were relatively stable for each layer, indicating weak soil water dynamics during this period (Fig. 3a) . The mean spatial SWS for the 0-1.0-m layer, however, dramatically decreased from 16 April 2013 to 15 June 2013 (Fig. 3a) , which can be attributed to the consumption of water by the plants in this layer (Jia et al. 2013a ) and/or to low precipitation (Fig. 2) . The mean SWS for this layer gradually increased and then fluctuated around a high value (Fig. 3a) , likely due to the relatively higher amounts of subsequent precipitation (Fig. 2) . The mean spatial SWS was less influenced by precipitation and plant activity in the 1.0-2.0-and 2.0-3.0-m layers than in the 0-1.0-m layer. The changes in the mean SWS were mainly observed in the shallow soil layer (0-1.0 m), in agreement with the findings by Choi and Jacobs (2007) , Hu et al. (2010a) , Shao (2012b), and Jia et al. (2013a) . Gao and Shao (2012b) found that the coefficient of variation of the mean SWS decreased over time from 20.7 % for the 0-1.0-m layer to 12.6 % for the 1.0-3.0-m layers.
Results and discussion
Spatiotemporal dynamics of SWS for the various soil layers
The temporal changes in the standard deviation (SD S ) and coefficient of variation (CV S ) over space of the SWS for the various soil layers are shown in Fig. 3b , c. The time-averaged mean SD S and CV S were 58.6, 57.3, and 64.8 mm, and 39.4, 41.4, and 45.2 % for the 0-1.0-, 1.0-2.0-, and 2.0-3.0-m soil layers, respectively (Table 2) . Furthermore, the SD S and CV S were both significantly higher for the 2.0-3.0-m layer than for the 0-1.0-and 1.0-2.0-m layers (P<0.05) (Fig. 3b, c and Table 2 ). These results indicated that SWS in the deeper soil layers had relatively higher spatial variability compared to that in the shallower soil layers, consistent with other reports (Gao and Shao 2012b; Jia et al. 2013a) . Two reasons may explain this result. First, the soil properties and root system controlling the SWS had relatively higher spatial variability in deeper layer. Second, precipitation recharge can weaken the effect Fig. 3 Spatial mean soil water storage (SWS) and the corresponding standard deviation (SD S ) and coefficient variation (CV S ) for the various soil layers of soil and plants on the soil moisture in shallow layer and thus decrease the difference of SWS over space. The standard deviations (SD T ) and coefficients of variation (CV T ) over time of the mean SWS decreased from 22.2 mm and 14.9% in 0-1.0-m layer to 6.6 mm and 4.6% in 2.0-3.0-m layer, respectively ( Table 2 ), indicating that temporal changes in the mean SWS decreased with increasing soil depth. Similar results were also observed by Choi and Jacobs (2007) and Gao and Shao (2012b) . Moreover, the timeaveraged spatial variability of the mean SWS also decreased with increasing soil depth ( Table 2 ). The CV T of the SD S and the CV S of SWS for the 0-1.0-and 2.0-3.0-m soil layers were 11.1 and 7.8 % and 6.5 and 2.1 %, respectively, indicating that the mean SWS was more temporally stable in the deeper soil layers, in agreement with other findings (Lin 2006; Guber et al. 2008; Gao and Shao 2012a; Jia et al. 2013a ).
Temporal stability of SWS for the various soil layers
The Spearman's rank correlation coefficient was used to investigate the overall temporal stability of the spatial patterns of SWS between different sampling occasions. The rank correlation matrix of the various sampling occasions is presented only for the 0-1.0-m soil layer (Table 3) . The relationships were all significant (P<0.01) for each soil layer, indicating strong temporal stability in the spatial pattern of SWS. These results are consistent with the findings in other areas (Vachaud et al. 1985; Brocca et al. 2009; Heathman et al. 2009; Zhang and Shao 2013) . The average rank correlation coefficients were 0.966, 0.961, and 0.979 for the 0-1.0-, 1.0-2.0-, and 2.0-3.0-m soil layers, respectively (Table 4 ). The mean rank correlation coefficient was significantly higher (P<0.01) in the 2.0-3.0-m soil layer than in the 0-1.0-and 1.0-2.0-m soil layers ( Table 4 ), suggesting that the deep soil layer can retain a stronger temporally stable spatial pattern of SWS (Lin 2006; Guber et al. 2008; Gao and Shao 2012a) . Figure 4 shows the mean Spearman's rank correlation coefficients between sampling occasions with different time lags for the various soil layers. The mean rank correlation coefficient decreased with increasing time lags from 0.988 to 0.940 and from 0.994 to 0.950 for the 1.0-2.0-and 2.0-3.0-m soil (Fig. 4) . Similar results have been reported by other studies (Schneider et al. 2008; Biswas and Si 2011a; Penna et al. 2013; Zhang and Shao 2013) . For example, Biswas and Si (2011a) showed that the rank coefficient gradually decreased with increasing intervals between soil layers during both the discharge and recharge periods in a hummocky landscape in Canada. Zhang and Shao (2013) observed that soil surface water content in a desert area had higher correlations between water series sampled over short periods of time and decreased with increasing time lags. The mean rank correlation coefficient, however, decreased from 1 to 7 time lags and then fluctuated from 8 to 17 time lags for the 0-1.0-m soil layer. These results may be attributed to rainfall infiltration and consumption of water by plants, which can disturb the hydrological process in shallow layers more than in deeper layers (Choi and Jacobs 2007; Gao and Shao 2012b; Penna et al. 2013) . First of all, much of the precipitation can generally infiltrate to a depth of approximately 1 m due to less rainfall in this semi-arid area (Gao and Shao 2012a) . Moreover, plants generally absorb water mainly from shallow soil (Feddes et al. 1978; Morris 2006 ) because most roots concentrate in 0-1.0-m layer (Jia et al. 2011; Cheng et al. 2013 ) and thus mainly affect the dynamics of soil water in the 0-1.0-m soil layer. Figure 5 shows the ranked MRD in SWS, the associated SDRD, and the ITS of each sampling location for the various soil depths. The ranges of the MRD were 166.0, 204.3, and 242.3 % for the 0-1.0-, 1.0-2.0-, and 2.0-3.0-m soil layers, respectively (Table 5 ). The increasingly wider ranges of the MRD from the 0-1.0-m to the 2.0-3.0-m layer may be ascribed to the higher spatial variability of SWS in deeper soil layers (Table 2 and Fig. 3 ). The increasing ranges of the MRD with increasing soil depth were consistent with other findings in the same area (Gao and Shao 2012b; Jia et al. 2013a) . Similarly, Brocca et al. (2009) found that the range of the MRD increased with sampling scale due to the larger variations in soil, vegetation, and terrain at larger scales. The number of locations with the MRD ranging from −5 to 5 % was 13, 13, and 12 for the 0-1.0-, 1.0-2.0-, and 2.0-3.0-m soil layers, respectively ( Table 5 ), indicating that the number of locations with an MRD of ±5 % were less dependent on soil depth.
The mean SDRDs decreased with increasing soil depth from 7.6 % for the 0-1.0-m layer to 5.4 % for the 2.0-3.0-m layer, and the mean MABEs decreased similarly from 6.8 to 4.7 %. Locations with an SDRD and/or MABE <5 % are considered to be temporally stable (Starks et al. 2006; Hu et al. 2010b ). The number of temporally stable locations thus generally increased with increasing soil depth, according to both the SDRD and MABE. For example, the number of locations with an SDRD or MABE <5 % was 15 or 46 for the 0-1.0-m layer, respectively, and the 2.0-3.0-m layer had 86 or 104 temporally stable locations, respectively (Table 5 ). The SWS in the deep layer thus tended to be more temporally stable, consistent with the results of the Spearman's rank correlation analysis. Our results agreed with the findings of other studies in the same area (Gao and Shao 2012b; She et al. 2014) . The SWS with the higher temporal stability in the deep layer was probably due to the reduced dependence on the climatic, vegetational, and hydrological factors that can affect the dynamics of soil moisture (Pachepsky et al. 2005; Vanderlinden et al. 2012) . The MABE identified more temporally stable locations than the SDRD index for each soil layer (Table 5) .
The representative sites can be selected from temporally stable locations with ITS under 10 %, for directly estimating the mean SWS for the various soil layers of the transect. We identified 14, 17, and 15 representative locations for the 0-1.0-, 1.0-2.0-, and 2.0-3.0-m soil depths, respectively (Fig. 5) . Eight locations (5, 14, 20, 84, 112, 120, 121, and 130) were simultaneously representative for two soil depths for mean SWS estimation (Fig. 5) . Only one location (122) could simultaneously represent all three soil layers for estimating SWS. Some studies have reported that locations able to represent mean SWS for all soil layers were difficult to find (Vanderlinden et al. 2012); Hu et al. (2010b) found zero representative location of 128 sampling locations for four soil layers. Finding one location to represent the mean SWS of the landscape-scale transect for the various soil layers can reduce labor and costs, but the accuracy of prediction may not be the best among all representative locations. According to the RMSE, the representative locations with the best accuracy of prediction for the 0-1.0-, 1.0-2.0-, and 2.0-3.0-m soil layers were 107, 21, and 127, respectively. Linear fitting between the transect mean SWS and the SWS of the best representative location for the soil layers are shown in Fig. 6 . The RMSEs were 8. 75, 5.93, and 4 .97 for the 0-1.0-, 1.0-2.0-, and 2.0- 3.0-m soil layers, respectively, indicating that the accuracy of prediction increased with increasing soil depth. The selected representative locations could directly estimate the mean SWSs well (P<0.001), which can reduce time, labor, and other costs for measuring and predicting soil moisture.
Field experiments in the same study area have been conducted to examine the temporal stability of soil moisture at various spatial scales, such as plot (Gao et al. 2011; Jia and Shao 2013; Jia et al. 2013b) , slope (Jia et al. 2013a) , and watershed (Hu et al. 2010b ) scales. Our study found similar trends of the MRD and SDRD of SWS at the landscape scale. However, the predictive functions for the various soil layers at the landscape scale may be used to estimate the mean SWS of the entire catchment compared to the plot and slope scales, because the landscape scale can be more representative of the soil texture, terrain, and vegetation for the entire catchment.
Factors controlling the temporal stability of SWS
Many factors have been reported to have an effect on the temporal stability of the spatial pattern of soil moisture (Gómez-Plaza et al. 2001; da Silva et al. 2001; Mohanty and Skaggs 2001; Jacobs et al. 2004; Cosh et al. 2008; Zhao et al. 2010) . To examine whether the temporal stability of SWS depends on soil, topographical, and vegetational properties, we used Pearson correlation to determine the relationships between the MRD and selected properties ( Table 6 ). The MRD was positively correlated with clay, silt, and OC contents but negatively correlated with bulk density, saturated soil hydraulic conductivity, and sand content (Table 6 ), in agreement with the findings by Zhang and Shao (2013) . It was well known that soil properties play important roles in controlling the temporal stability of SWS, as did Cosh et al. (2008) and Hu et al. (2010b) , Cosh et al. (2008) identified bulk density as the most important parameter affecting the MRD, accounting for 32 % of its variability. Hu et al. (2010b) found that soil texture could significantly affect the temporal stability of the soil water content. Soil OC content was positively correlated with the MRD, in agreement with the findings by Zhao et al. (2010) , Biswas and Si (2011b) , and Jia et al. (2013a) . Soil OC content can significantly improve soil structure and thus affect the spatiotemporal patterns of soil water content (Wang et al. 2013) .
The MRD was not obviously correlated with site elevation, except for the 2.0-3.0-m layer (Table 6 ). In contrast, Jia et al. (2013a) reported that the MRD was highly dependent on site elevation for various soil layers on a hillslope. Wang et al. (2013) indicated that site elevation had a pronounced inverse relationship with the MRD for various soil layers in an artificially revegetated desert area. Biswas and Si (2011b) further Table 6 Pearson correlation matrix between the MRD and selected properties of the soil (bulk density, BD; saturated soil hydraulic conductivity, Ks; clay content, Clay; silt content, Silt; sand content, indicated that the correlation between SWS and elevation was reasonably persistent at a large scale. In our study, the relationship between elevation and soil water content was not consistent. The weak correlations between the MRD and site elevation in the 0-1.0-and 1.0-2.0-m soil layers may be attributed to the heterogeneity of the plants. An uneven distribution of plant cover and roots can affect the redistribution of soil water and can complicate this correlation (Gómez-Plaza et al. 2000; Cantón et al. 2004; Zhao et al. 2010) . For example, Gómez-Plaza et al. (2000) showed that variation in plant cover decreased the temporal stability of soil water and masked the effect of topography. In addition, some species with higher levels of evapotranspiration (e.g., alfalfa) may also affect the redistribution of soil water (Jia et al. 2013b) . Variations in the vegetation can thus weaken the effect of topography on the temporal stability of SWS, especially in shallow soil. The MRD was nevertheless significantly correlated with site elevation in the 2.0-3.0-m layer, in agreement with other studies (Jia et al. 2013a; Lin 2006) . We attributed this obvious topographical effect on SWS in the deep layer to the diverse terrains (Grayson et al. 2002; Lin 2006 ) in this area. The redistribution of sub-surface water in deeper layers during a few short periods can be dominated by the more common vertical fluxes in semiarid areas (Zhao et al. 2010) . We also observed a weak correlation between the MRD and aboveground biomass (Table 6) , which was inconsistent with other findings (Hupet and Vanclooster 2002; Jia et al. 2013a) , perhaps because correlations derived from a single measurement of aboveground biomass would not capture seasonal variations (Zhao et al. 2010 ). In comparison with landscape scale of this study, Jia and Shao (2013) reported that plant type and aboveground biomass were the main factors affecting temporal stability of SWS at plot scale, and Jia et al. (2013a) found that elevation, litter fall, and aboveground biomass significantly correlated with temporal stability at slope scale, indicating that the effects of factors on the temporal stability of SWS were scale dependent. This can be ascribed to that different factors and processes that may operate at different scales and/or at different intensities ). All the above results generally indicated that soil, topographical, and vegetational properties affected the temporal stability of SWS; the predominant controlling factors, however, varied with study area due to different scales, climatic conditions, and other factors.
Conclusions
The temporal stability of SWS was investigated in 0-1.0-, 1.0-2.0-, and 2.0-3.0-m soil layers at the landscape scale at 135 locations on 18 measurement occasions in a typical transect in a semiarid catchment on the Loess Plateau. Temporal changes in the mean SWS were mainly observed in the shallow layer (0-1.0 m), while the mean SWS in the deep soil layer (2.0-3.0 m) had relatively greater spatial variation. Temporal-spatial variations of SWS were depth dependent. Spearman's rank correlation coefficients were significant (P<0.05) between any two measurement occasions and increased with increasing soil depth. The rank correlation coefficients decreased with increasing time lags for the 1.0-2.0-and 2.0-3.0-m soil layers, but the trend of correlation coefficients for the 0-1.0-m layer first decreased and then fluctuated with increasing time lags. The number of temporally stable locations, as identified by the SDRD and MABE, increased with increasing soil depth, indicating that SWS was more temporally stable in deeper soil layers. The representative site with best accuracy of prediction for each soil layer based on the RMSE could estimate the mean SWSs well. The highest accuracy of prediction increased with increasing soil depth. Soil texture, OC content, bulk density, and saturated soil hydraulic conductivity significantly affected the temporal stability of SWS for the various layers, while aboveground biomass and site elevation (except for the 2.0-3.0-m layer) had a weak effect on the temporal stability of SWS at the landscape scale.
